Abstract
Introduction
As one of the most important tasks of Web Usage Mining (WUM), web user clustering, which establishes groups of users exhibiting similar browsing patterns, provides useful knowledge to personalized web services and motivates long term research interests in the web community (Ling, et al., 2009) . Existing web usage data mining techniques include statistical analysis (Srivastava, et al., 2000) , association rules (Huang, et al., 2002; Mobasher, et al., 2001) , sequential patterns , classification , and clustering (Labroche, et al, 2001; Mobasher, et al., 1999) .The goal of clustering is to create groups of data objects in an unsupervised fashion so that data items in the same cluster are similar to each other, yet dissimilar to data items residing in other clusters (Morteza, et al., 2008) . Generally, web users may exhibit various types of behaviours associated with their information needs and intended tasks when they are traversing the Web. These task-oriented behaviours are explicitly characterized by sequences of clicks on different web items performed by users. As a result, these tasks are implicitly captured by inducing the underlying relationships among the click stream data.
Access transaction over the web can be expressed in the two finite sets, user transaction and hyperlinks/URLs (De & Krishna, 2004) . A user transaction U is a sequence of items, this set is formed by m users and the set A is a set of distinct n clicks (hyperlinks/URLs) clicked if otherwise. A well-known approach for clustering web transactions is using rough set theory (Pawlak, 1982; Pawlak, 1991; Pawlak & Skowron, 2007) . De and Krishna (De & Krishna, 2004) proposed an algorithm for clustering web transactions using rough approximation. It is based on the similarity of upper approximations of transactions by given any threshold. However, there are some iterations should be done to merges of two or more clusters that have the same similarity of upper approximations. To overcome the problem, in this paper, we propose an alternative technique for clustering web transaction. It is based on the rough membership function of a transaction similarity class with respect to the other classes. In summary, there are three contributions of this work: a. We use the concept of the rough membership function. The function takes on a transaction similarity class with respect to the other classes.
b. We show that the proposed technique differs on how to allocate transaction in the same cluster.
c. We show that the proposed technique produce lower time complexity as compared with that (De & Krishna, 2004) .
The rest of the paper is organized as follows. Section 2 describes the concept of rough set theory. Section 3 describes analysis of the baseline technique on web transaction clustering proposed by (De & Krishna, 2004) . Section 4 describes the proposed technique. Section 5 describes the experimental tests on two UCI benchmark datasets. Finally, we conclude our works in Section 6.
Rough Set Theory
In the 1980's, Pawlak introduced rough set theory to deal the problem of vagueness and uncertainty in datasets (Pawlak, 1982) . Similarly to fuzzy set theory, it is not an alternative to classical set theory but it is embedded in it. Fuzzy and rough sets theories are not competitive, but complementary to each other (Pawlak & Skowron, 2007) . Rough set theory has attracted attention to many researchers and practitioners all over the world, who contributed essentially to its development and applications (Herawan & Yanto, et al, 2012) . The original goal of the rough set theory is induction of approximations of concepts. The idea consists of approximation of a subset by a pair of two precise concepts called the lower approximation and upper approximation. Intuitively, the lower approximation of a set consists of all elements that surely belong to the set, whereas the upper approximation of the set constitutes of all elements that possibly belong to the set. The difference of the upper approximation and the lower approximation is a boundary region. It consists of all elements that cannot be classified uniquely to the set or its complement, by employing available knowledge. Thus any rough set, in contrast to a crisp set, has a non-empty boundary region. Motivation for rough set theory has come from the need to represent a subset of a universe in terms of equivalence classes of a partition of the universe. In this chapter, the basic concept of rough set theory in terms of data is presented.
, where U is a non-empty finite set of objects, Ais a non-empty finite set of attributes,
, a V is the domain (value set) of attribute a,
, called information (knowledge) function (Herawan & Deris, 2009b ). An information system is also called a knowledge representation systems or an attribute-valued system and can be intuitively expressed in terms of an information table (refer to Table 1 ).
Table 1. An information system
U/A 1 a 2 a … k a … A a 1 …   k a u f , 3 …   A a u f , 3        U u   1 , a u f U   2 , a u f U …   k U a u f , …   A U a u f ,
Indiscernibility relation
The starting point of rough set theory is the indiscernibility relation, which is generated by information about objects of interest. The indiscernibility relation is intended to express the fact that due to the lack of knowledge we are unable to discern some objects employing the available information. Therefore, generally, we are unable to deal with single object. Nevertheless, we have to consider clusters of indiscernible objects. The following definition precisely defines the notion of indiscernibility relation between two objects. Given arbitrary subset U X  , X may not be presented as union of some equivalence classes in U. In other means that a subset X cannot be described precisely in
Thus, a subset X may be characterized by a pair of its approximations, called lower and upper approximations. It is here that the notion of rough set emerges. 
Set Approximations
The accuracy of approximation (accuracy of roughness) of any subset
where X denotes the cardinality of X. For empty set  , it is defined that
. If X is a union of some equivalence classes of
. Thus, the set X is crisp (precise) with respect to B. And, if X is not a union of some equivalence classes of U, then
. Thus, the set X is rough (imprecise) with respect to B (Pawlak & Skowron, 2007) . This means that the higher of accuracy of approximation of any subset U X  is the more precise (the less imprecise) of itself.
Rough membership function
Rough sets can be also defined employing, instead of approximation, rough membership function [12, 13] 
and X denotes the cardinality of X.
The rough membership function expresses conditional probability that x belongs to X given R and can be interpreted as a degree that x belongs to X in view of information about x expressed by B. The meaning of rough membership function can be depicted as shown in Figure 1 .
The rough membership function can be used to define approximations and the boundary region of a set, as shown below
Example 2.2. Consider the following information system as in Table 2 . Suppose we are given data about 6 students, as shown below.
International 
Figure 1. Rough membership functions
From Table 2 , we have
For the set of condition attributes,
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Analysis of Data Clustering Technique Proposed by (De & Krishna, 2004)
In this section, we discuss the technique proposed by (De & Krishna, 2004 . This relation R is a tolerance relation as R is both reflexive and symmetric, but transitive may not hold good always.
Definition 3.1. The similarity class of t, denoted by R(t), is a set of transactions which are similar to t which is given by
For different threshold values, one can get different similarity classes. A domain expert can choose the threshold based on this experience to get a proper similarity class. It is clear that for a fixed threshold
, a transaction form a given similarity class may be similar to an object of another similarity class. With this technique, we need high computational complexity to cluster the transactions. This is due to find out the similarity upper approximation until two consecutive upper approximations are same. To overcome this problem, we propose an alternative technique to cluster the transactions.
The Proposed Technique
The proposed technique for clustering the transactions is used the rough membership function. It is based on membership both two similarity classes. 
is both reflexive and symmetric. 
. This is contradiction from hypothesis.
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Proof. It is clear from Proposition 4.1.
The computational complexity
Suppose that there are n objects in an information system 
Example
In this study, the comparisons between the proposed technique and the technique proposed by (De & Krishna, 2004 ) are presented by given example. In this example, the data set in (De & Krishna, 2004 . Thus, they can be represented in a Boolean-valued information system as in Table 3 below. The first step of the technique is obtaining the measure of similarity that gives information about the users access patterns related to their common areas of interest by similarity relation between two transactions of objects. The similarity classes can be obtained by given the threshold value using Definition 3.2. In this case, by set the threshold to 0.5. Then, the similarity classes are obtained as in Figure 2 .
Figure 2. The similarity classes
The last step is to cluster the transactions. 
Conclusion
A web clustering technique can be applied to find interesting user access patterns in web log. In this paper, we have proposed an alternative technique for clustering web transactions using rough membership of similarity class between two transactions. The performance of the proposed technique was presented in terms of processing time. Two sets of benchmark data with 2000 transactions taken from web server through http://kdd.ics.uci.edu are used in the simulation processes. It is shown that the proposed technique requires significantly lower response time up to 66.25 % and 67.08 % as compared to the technique of (De & Krishna, 2004) , respectively.
